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ABSTRACT
Streams of stars from captured dwarf galaxies and dissolved globular clusters are
identifiable through the similarity of their orbital parameters, a fact that remains true
long after the streams have dispersed spatially. We calculate the integrals of motion
for 44855 stars, to a distance of 4 kpc from the Sun, which have full and accurate 6D
phase space positions in the Gaia DR2 catalogue. We then apply a novel combination
of data mining, numerical and statistical techniques to search for stellar streams. This
process returns seven high-confidence streams (including four that were not previously
known), all of which display tight clustering in the integral of motion space. Colour-
magnitude diagrams indicate that these streams are relatively simple, old, metal-poor
populations. A combined evaluation of the kinematics and colour-magnitude properties
suggests that the previously undiscovered streams are fragments of the Gaia-Enceladus
progenitor. The success of this project demonstrates the usefulness of data mining
techniques in exploring large datasets.
Key words: Galaxy: kinematics and dynamics - Galaxy: structure - methods: data
analysis
1 INTRODUCTION
Stellar streams are the footprints of the Galaxy’s evolu-
tion. Their creation is a by-product of two possible Galactic
processes: the end-product of the tidal disruption of glob-
ular clusters produced by the gravitational field of their
host galaxy, or accretion of dwarf galaxies (Price-Whelan &
Bonaca 2018; Helmi et al. 1999b). Locating and classifying
both varieties of streams is, therefore, a means to uncover the
Galaxy’s past (Johnson & Soderblom 1987). The discovery
of streams offers several additional benefits to the under-
standing of Galactic processes. The total number of streams
can in principle place a lower limit on past accretion events
in the Galactic halo, while those created as a result of grav-
itational disruption can offer insight in the formation and
evolution of globular clusters (Balbinot & Gieles 2018; Bose
et al. 2018). Streams, furthermore, can act as probes into
the Milky Way dark matter halo, providing the means to
map its mass distribution and shape (Johnston et al. 1996;
Ibata et al. 2001; Law & Majewski 2010; Bovy et al. 2016;
Malhan et al. 2018a).
Several methods have been employed to search for stel-
lar streams in the Milky Way. A common theme amongst
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them is to find clusters of similar objects in the mea-
sured properties of stars. Options range from abundance-,
kinematic-, and location-based techniques, or combinations
of all three.
Streams formed from disrupted globular clusters main-
tain their chemical similarity, offering a means to detect
them through chemical space if they can be resolved from
the stellar background with sufficient contrast. Matched Fil-
ter techniques incorporate the colour-magnitude weighting
of stars to find structures that belong to the same origin
(Rockosi et al. 2002; Balbinot et al. 2011). An abundance-
based technique, however, is reliant on spectroscopic data
to separate stream members from the background stars. If
data quality is poor, it can lead to missed detections (Malhan
et al. 2018b). Additionally, this technique does not work if
there is significant abundance dispersion within the stream.
Notable streams that have been identified using the matched
filter technique include the GD-1 stream (Grillmair & Dion-
atos 2006), Orphan, (Belokurov et al. 2006) Eridanus and
Palomar 15 (Myeong et al. 2017), and the streams detected
in the Dark Energy Survey (Shipp et al. 2018).
Finding clusters of stars within kinematic spaces can
also lead to the detection of streams. Conventional tech-
niques rely on either space velocities to locate co-moving
groups of stars or identifying clusters in a dataset’s “inte-
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grals of motion” values. Integrals of motion refer to the two
angular momentum actions defined by Binney & Tremaine
(2008) and total orbital energy of a star. These quantities
are ideal for stream searches as they are argued to be con-
served, or quasi conserved (Helmi et al. 1999b,a; Koppelman
et al. 2018). Both techniques depend on locating clustered
sets of kinematic parameters and proving these clusters to
be statistically significant.
Successful applications using velocity parameters re-
sulted in the location of the Aquarius and H99 streams
(Williams et al. 2011; Helmi et al. 2017). While difficul-
ties can arise if there is a strong velocity gradient along the
stream, this technique remains viable for detecting streams
that have not undergone a significant degree of phase mix-
ing. Phase mixing is a collective name for kinetic energy
exchanges between the stream stars and other constituents
of the Galaxy (Klement 2010).
If phase mixing is an issue, integrals of motion can be
relied upon instead of velocities to search for streams kine-
matically. Relying on conserved quantities has led to the dis-
coveries of the H99, S1, S2 and S3 streams (Helmi et al. 1999b;
Klement et al. 2009). Integrals of motion provide robust in-
formation for stream searches because they are conserved
over long periods. However, they require knowledge of the
six-dimensional phase space position of each star (Malhan
et al. 2018b). This information is usually difficult to obtain
for a large population of stars, and is very challenging to
acquire for very distant stars. This impediment limits the
scope of integrals of motion-based studies to the relatively
nearby Galaxy. Nevertheless, many studies use the integrals
of motion to search for streams. For example, in Gaia DR2
Koppelman et al. (2018) searched halo stars within 1 kpc
of the Sun, and found 5 potential stream candidates with
clearly identifiable clustering in their integrals of motion.
Attempts to mitigate the weaknesses in each of these
approaches generally involve combining methods. The Ce-
tus Polar Stream (Newberg et al. 2009) was detected us-
ing both metallicity and velocity information to differ-
entiate the stream from the tidal tail of the Sagittarius
Dwarf galaxy (Law et al. 2005). The recently developed
STREAMFINDER algorithm (Malhan & Ibata 2018) com-
bines aspects of spatial, chemical and kinematic techniques
in conjunction with probabilistic arguments to search for
stellar streams and characterise their shapes and their dis-
tribution in the Galaxy. STREAMFINDER has had a great
deal of success in locating newly discovered streams within
the Gaia database, naming these streams after great lakes in
Greek and Norse mythology (Ibata et al. 2018, 2019). Com-
bined search attempts are ideal if the required information is
available since an agreement between multiple independent
techniques adds to the legitimacy of any detection made.
With the continual increase in the size of wide-field as-
trometric and imaging and spectroscopic surveys, the neces-
sity of using algorithmic search methods is becoming more
and more apparent. Data mining algorithms that search for
clusters in datasets are well suited for this task as they can
handle more challenging and higher-dimensional problems
objectively, allowing one to focus primarily on verifying and
characterising the properties of the discovered streams. In
this study, we use the clustering algorithm DBSCAN (Ester
et al. 1996) to search for clustering in the integral of mo-
tion space using stars with full 6D phase space information
in the Gaia DR2 dataset (Gaia Collaboration et al. 2018a).
Our goal is to replicate the results of Koppelman et al. (2018,
2019) while locating additional stream candidates.
In this work, we describe the dataset in Section 2, out-
lining the subset restrictions and quality criteria we applied.
Section 3 explains the process of our stream finding method:
3.1 will explain how we chose our search parameters, 3.2 out-
lines how we actually applied the data-miner to the dataset,
and the determination of statistical significance is explained
in 3.3. The results of our search attempts are provided in
Section 4, and discussion of the results and the overall find-
ings of the paper are presented in Section 5.
2 THE DATA SET
We use the astrometric and kinematic data available in the
second Gaia data release (Gaia Collaboration et al. 2018a)
to search for potential stream candidates. We conduct our
search on a subset of 7,224,631 stars, all of which have six-
dimensional phase space information. We only used stars
with parallax percentage uncertainties less than 20%, which
leaves us with a total of 6,447,952 objects. The reason for
this restriction is that we will invert the parallax measure-
ments to calculate the distance to each star. Inverting par-
allaxes creates difficulties when attempting to incorporate
uncertainties because of the hyperbolic nature of the con-
version. Normally to address this, Bayesian distance priors
can be used to provide uncertainty estimates, however, in-
verting uncertainties when they are no larger than 20% is an
acceptable way to do this as well as the error inversion does
not have a large effect when errors are this small (Bailer-
Jones 2015).
We convert the equatorial sky coordinates and proper
motions to Cartesian Galactocentric coordinates using as-
tropy (Astropy Collaboration et al. 2013). In this system,
the sun lies on the x-axis of the Cartesian plane at a distance
of 8.2 kpc from the origin and 27 pc above the Galactic mid-
plane. The z-axis projects towards the Galactic north pole,
and the y-axis aligns with the direction of Galactic rotation.
For velocity parameters we use the convention adopted by
Johnson & Soderblom (1987) with the Cartesian represen-
tation of the motions of stars defined as (U,V,W) where U is
the direction moving radially toward the Galactic centre, V
is the circular tangential velocity in the direction of Galactic
rotation, and W is the velocity directed towards the Galac-
tic North Pole. We correct for solar motion using both the
corrections supplied by Scho¨nrich et al. (2010) to correct for
the peculiar velocity and Bovy (2015) to adjust the circular
velocity and solar radius while also placing all stars in the
Local Standard of Rest (McMillan 2017) VLSR = 232.
Angular momentum LZ , perpendicular angular momen-
tum L⊥, and total energy E values are calculated using the
library package gala (Price-Whelan 2017). Calculation of
these parameters involves saving the Cartesian positions and
velocities of each star as a PhaseSpacePostion object. Using
the saved phase space coordinates and the specified gravi-
tational potential, we construct an orbit of each star in our
subset. To do this, we use the Hamiltonian class in gala to
establish a Hamiltonian for each star in the dataset.
To model the gravitational potential of the Galaxy we
use the potential class MilkyWayPotential in gala to inte-
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grate over each star’s orbit. The constituents of this poten-
tial consist of the following analytic models: a Hernquist
potential to model the bulge and nucleus of the Galaxy
(Hernquist 1990), a Miyamoto-Nagai (Miyamoto & Nagai
1975) potential to shape the Galactic disk, and a logarith-
mic Navarro-Frenk-White potential (Navarro et al. 1996) to
model the halo.
Using each star’s phase space coordinates as its initial
conditions, the defined gravitational potential, and a time
step of 1 Myr, we integrate forward over each star’s orbit
for 1000 steps. The result of this integration produces an
Orbit object, which contains all the relevant parameters of
the star’s orbit at each time step, including the energy and
angular momentum values (Bovy et al. 2016). We take the
first energy and angular momentum values from this calcu-
lation as the measured integrals of motion.
Following in the footsteps of previous stream search
publications, we are focusing on the halo of the Galaxy
(Helmi et al. 1999a; Klement et al. 2009; Williams et al.
2011; Bernard et al. 2014; Koppelman et al. 2018; Ibata et al.
2019). We choose halo stars in Gaia DR2 by selecting stars
with large total velocities relative to the Local Standard of
Rest (Nissen & Schuster 2010; Koppelman et al. 2018). Using
a selection of |V − VLSR | > 210 km s−1 results in a reduced
subset of 152,865 stars. It is important to note that this ap-
proach excludes halo stars with disk-like velocities from the
search sample (Nissen & Schuster 2010; Bonaca et al. 2017;
Koppelman et al. 2018, 2019) while also resulting in some
contamination from thick-disk stars which may have large
vertical velocities.
3 STREAM SEARCHING WITH DBSCAN
Our stream search begins within the local solar neighbour-
hood (out to 1 kpc) before extending the sample to include
stars across a larger region of the Galaxy. We observe how far
any streams detected within the local halo extend before we
can no longer confidently identify them. We only search for
potential stream targets at a distance < 4kpc, as increasing
the range further leads to cumbersome computational times.
A fundamental property of clustered data points is the
density contrast between points inside the cluster versus
points outside. Density-Based Spatial Clustering of Appli-
cations with Noise (DBSCAN, Ester et al. 1996) is a data
mining method which utilises this fact to locate clustered
data points within a space. The algorithm operates in the
following way: two input parameters are selected, a charac-
teristic distance  (Ester et al. 1996; Chen et al. 2018) and
a minimum cluster member number termed MinPts. DB-
SCAN selects an arbitrary point within the database from
the dataset and retrieves all other data points reachable
within a distance of  . If a data point does not have at
least a number of data points within a distance of  equal to
MinPts it is labelled as a noise-point. If the number of other
data points within  exceeds MinPts, the selected data point
is labelled as a core-point. DBSCAN then moves from the
core-point to one of the data points within a distance of 
and repeats the process. The algorithm consecutively tests
each data point in the cluster to determine whether it too
could be considered a core-point, expanding the cluster’s size
with each successful test. Any data point within a distance
Core Point
Border Point
Noise Value
 = 1
Figure 1. Visual representation of the DBSCAN process. In this
example MinPts = 3 and  = 1. Red points are core members that
have at least three data values within the  range. Blue points
are border points that are a part of a cluster but have fewer than
three members in range. Black points are data values that are
not part of any cluster or do not have enough members to be
considered a core or border point and so are given noise labels.
of  of a core-point that fails the core-point classification it-
self is labelled as a border-point. A cluster is complete when
border-points surround the core-points. At this stage, DB-
SCAN moves to a data point outside the cluster and repeats
the process until all points within the dataset are either as-
signed to a cluster or labelled as noise.
Figure 1 offers a visual representation of this process.
In the example, MinPts = 3 and  = 1. One can see that two
points have three data values within a distance of  , and so
have been classified as core-points. Two points have fewer
than three data values within range and so are classified
as border-points while two data points have no neighbours
within a distance of  and are given noise classifications.
A significant advantage to using DBSCAN is its ver-
satility and applicability to data of arbitrary dimensions,
as isolating clusters in higher dimensional space creates a
stronger argument that an actual cluster is present, as it is
less likely that the apparent structure is coincidental. Ad-
ditionally, DBSCAN will produce the same cluster patterns
every time, provided the search parameters remain consis-
tent. These aspects make it a viable contender for stream
detection.
3.1 Specifying Input Parameters
To begin our search, we set MinPts = 4. This specification
enables sparsely populated stream candidates to be accepted
by the algorithm, while still imposing that some clustering
must be present initially. Our method of choosing an  value
relies on the use of a 4-distance plot (Ester et al. 1996), which
is a ranked plot of the normalised distances from each data
point to its fourth nearest neighbour.
To create a ranked 4-distance plot, we calculate the dis-
tances to each data point in the integrals of motion space.
Extracting the  value most suited to the data is achieved by
visually locating the point where the 4-distance plot forms a
continuous line, characterised by a sharp corner in the plot.
The logic of using a 4-distance plot originates from the fact
MNRAS 000, 1–11 (2019)
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Figure 2. This is an example of a potential four-distance plot.
The data from this example comes from one of the Monte-Carlo
iterations of the local stellar halo subsets. The arrow in the di-
agram points to the characteristic point where the plot becomes
smooth, and this would be where we would extract the  value.
that any cluster will generally have a smaller 4-distance than
stars that lie outside it. Therefore, we should expect to see a
continuous line in the 4-distance plot due to the relative sim-
ilarity of each distance measurement. Points that lie outside
of all clusters can take a wide range of values as points can
be located at significant distances away from other points
in the dataset. This will generally mean, on a four-distance
plot, that the ranked spacing between points that lay outside
clusters will be large and will likely not create a continuous
line of points. This allows for us to differentiate between
clustered and non-clustered points visually. Figure 2 is an
example of such a plot created during the process of de-
termining the  value four our stream search. The point at
which the line changes from discrete to continuous has been
highlighted and is taken as the  value for that particular
plot.
DBSCAN takes the chosen values for MinPts and  and
searches for clusters. Every cluster is given a unique integer
label, and data points with a label of -1 are noise values.
3.2 Applying DBSCAN to the dataset
DBSCAN works under the assumption that all data points
are located precisely at their recorded position and draws
clusters where the points stand. However, this is not realis-
tic as the measured values have uncertainties, which means
that DBSCAN might potentially classify clusters that are
statistical anomalies created by noise in the data rather than
actual clustered sets of stars. Therefore, we perform searches
on multiple Monte-Carlo iterations of the search subset to
take the measured uncertainties into account.
Positional components, proper motions, parallaxes, and
radial velocities were modelled as multivariate Gaussians in
a similar framework to Marchetti et al. (2018) with a mean
vector of
m = [α, δ, pi, µα, µδ, vrad] (1)
where α and δ refer to the right ascension and decli-
nation of the position of the stars, pi refers to the parallax
measurement of the star, µα and µδ refer to the proper mo-
tions of right ascension and declination, and vrad refers to
the radial velocity. In addition to this, we constructed a 6×6
covariance matrix of
Σ =
©­­­«
σ2
RA
. . . ρ(α, vrad)σRAσvr ad
...
. . .
...
ρ(α, vrad)σRAσvr ad . . . σ2vr ad
ª®®®¬ (2)
where σi denotes the standard deviations of each vari-
able in the mean vector, and ρ(i, j) denotes the correlation
coefficients of the parameters i and j.
The constructed covariance matrix allows us to draw
random samples of each star’s phase space parameters in
line with what we would expect based on the specified cor-
relations and uncertainties. We note that radial velocities
within the Gaia DR2 dataset are uncorrelated to the other
astrometric parameters. Therefore, correlation coefficients
between radial velocity and the astrometric parameters are
zero, and the standard deviations are assumed to follow a
Gaussian distribution.
Using the covariance matrix, we sample 100 potential
integrals of motion values for each star in the search subset.
DBSCAN is then run on each of these subsets to produce an
initial set of clusters within each random sample. Clusters
should in principle remain coherent even when subjected
to the random deviations produced by uncertainties. If any
cluster drawn by the algorithm in one Monte-Carlo iteration
does not appear in another, it is likely that the cluster is just
an artefact produced by the random deviations of the Monte-
Carlo sampling. We remove any clusters that do not share at
least four stars in common with another cluster in one of the
other Monte-Carlo sets, which effectively cleans the dataset
of statistical anomalies that fail to re-occur when the data
is allowed to vary within the errors. This process effectively
eliminates clusters that cannot be conclusively proven to
exist based on the uncertainties of Gaia measurements.
At this point, the clusters found in each Monte-Carlo
subset are combined to create an aggregate subset. In this
subset, we apply DBSCAN one final time with re-optimised
search parameters. This final application of DBSCAN is to
merge clusters that have only been separated by uncertain-
ties, as the high saturation of data points in the cluster’s
region should bring all the viable points together. After
the clusters are merged, each cluster is extracted from the
dataset and has all duplicates removed.
3.3 Statistical Significance
We determine statistical significance for our DBSCAN clus-
ters in integral of motion space through the use of the Milky
Way observation simulator galaxia (Sharma et al. 2011).
galaxia is capable of producing realistic synthetic repre-
sentations of Galactic observations, enabling us to apply the
same subset restrictions that we applied to Gaia data to cre-
ate a manufactured halo subset. With the simulated data,
we can compare the clusters found by our search method
to the expected stellar density provided by galaxia’s out-
put. If the number of stars in the space the cluster occupies
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in Gaia is significantly higher than the simulated equiva-
lent, we have confidence that the stream is a real kinematic
structure.
We created three synthetic Galactic surveys and com-
bined them in order to produce a dataset with the same
number density as Gaia. An apparent magnitude range of
M = 4−13 was applied to mimic Gaia data (Gaia Collabora-
tion et al. 2018a). With the simulations complete, local halo
subsets were created using the same method as described in
2. Stars were then randomly drawn from this overabundant
set to produce the same number of stars as the Gaia halo.
The statistical significance of the detected clusters was
determined through the use of a multidimensional his-
togram, used to break the data into 3-dimensional cells of Lz ,
L⊥, and E. Bin sizes for the histogram we set to ∆Lz = 400,
∆L⊥ = 200, and ∆E = 8500. Cells that contained the mem-
bers of the streams we detected were isolated and combined
into one 3-dimensional object containing all the stars. A cor-
responding object comprised of the same cells was then cre-
ated in the synthetic set, and the number of stars in those
cells counted. The numbers of stars contained within each
object were defined as NGaia
i
and NModel
i
respectively, while
we defined the standard deviation of the synthetic cells to
be
σi =
√
NModel
i
(3)
Our criterion for statistical significance is the same as
is used in Williams et al. (2011)
NGaiai − NModeli > 4σi (4)
Upon passing this test, we declare the action-space clus-
ter in question to be a statistically significant grouping.
4 RESULTS
We detect seven statistically significant halo streams in the
Gaia DR2 dataset located within 4 kpc of the Sun. Three
of these are rediscoveries of known streams: H99, initially
discovered by Helmi et al. (1999a), and two streams from
Koppelman et al. (2018), which we refer to as Koppelman-
Gaia-Stream-1 (KGS-1) and KGS-2. Our DBSCAN method
identifies the majority of stars previously reported as be-
longing to these streams and also highlights potential new
members. In addition to confirming these known streams,
we also identify four previously unknown streams, which we
will call Borsato-Gaia-Stream-1 (BGS-1), BGS-2, BGS-3,
and BGS-4. Figure 3 shows all seven streams in the integral
of motion space plotted in separate colours. Halo stars not
marked as members of a stream by DBSCAN are plotted in
the background as smaller opaque points, to better orient
the reader.
H99 contained by far the largest population of stars in
all the streams we found. The stream remained statistically
significant out to a distance of 1.5 kpc, and had a total pop-
ulation of 64 stars. At distances greater than 1.5 kpc our
method could no longer resolve the H99 stream, as DBSCAN
could no longer distinguish the stream from the overall pop-
ulation of stars as the uncertainties in the data caused too
much disruption for consistent clustering to occur on each
Gaia source ID Stream
148992625953529216 H99
212932899305221504 H99
365903386527108864 H99
603291103764056960 H99
604095572614068352 H99
Table 1. Gaia source ID numbers for our detected stream stars.
The full machine-readable table is available online; these first few
rows are shown here as a guide to form and content.
Stream H99 KGS-1 KGS-2 BGS-1 BGS-2 BGS-3 BGS-4
Population 64 52 27 38 31 13 9
Range (kpc) 1.5 2 4 2 1.5 1.5 1.5
Mean Lz
( kmkpc
s
)
1200 -1800 -3100 430 -520 540 560
Mean Energy
( km2
s2
)
-11000 -97000 -65000 -92000 -96000 -110000 -110000
Table 2. Summary Data of All Streams
Monte-Carlo iteration. The variation in the uncertainties of
the integrals of motion are likely caused by the parallax un-
certainties of Gaia as they can be significant. We find that 55
of the stars within 1.5 kpc that we identified as H99 stream
members are also in Koppelman et al. (2019), though that
study also found additional members as far away as 5 kpc.
Of additional note is the fact that our method does not ap-
pear to cluster the H99 stars at higher energy values. The
fixed  value is likely preventing the inclusion of these stars
as part of the cluster.
The two streams in Koppelman et al. (2018), KGS-1 and
KGS-2, are depicted in blue and red in Figure 3. Before dis-
cussing the total population of stars, we restrict ourselves to
the local solar neighbourhood to compare our search meth-
ods performance to the results of the alternative publication;
we do this because that study only searched within the lo-
cal solar neighbourhood. For the KGS-1 stream, we find the
stream to contain 23 stars within this range, while the Kop-
pelman et al. (2018) recorded a total of 15 members, with
12 stars common to both streams. We found KGS-2 at this
distance to have 12 members, while the alternative publi-
cation also had 12, with 10 of these stars common to both.
Figure 4 shows the overlap of our stars (plotted as coloured
circles) with the H99, KGS-1 and KGS-2 streams (shown
as coloured squares). Stars included in both data sets are
shown with both a circle and a square.
Moving beyond the local solar neighbourhood, we were
able to find that the KGS-1 stream extends out to 2 kpc from
the Sun, and contains 52 members. Moreover, the KGS-2
stream remains coherent out to a range of 4 kpc with a fi-
nal member count of 27. We suspect that the stream would
remain statistically significant beyond this point but the ex-
panding number of stars obtained by increasing the search
range led to impractical calculation times for our stream
searches. Our final results also find that the BGS-1 stream
extends out to 2 kpc, with a total of 38 members. BGS-2,
BGS-3 and BGS-4 all stayed statistically significant out to
1.5 kpc and contained a final member count of 31, 13, and
9 members respectively. Table 2 provides summary informa-
tion on each stream we have found.
Figures 5 and 6 show calculated orbits in Galactocen-
tric R vs z and x vs y coordinates and absolute colour-
MNRAS 000, 1–11 (2019)
6 N. W. Borsato et al.
Figure 3. The integrals of motion distribution for the halo out to 4 kpc. Coloured points represent clusters that the DBSCAN algorithm
was able to resolve. The H99 stream is depicted as the green cluster in the diagram, while the KGS-1 and KGS-2 streams refer to the
blue and red clusters respectively. The BGS-1 stream is coloured black, while brown, orange and purple clusters seen in the centre of the
left-hand plots are the BGS-2, BGS-3, BGS-4 streams respectively. The opaque grey data points in the background are the remaining
distribution of halo stars which did not form any clusters.
Figure 4. A comparison of our search results with the respective literature counterparts. Our stream members have been plotted as
points on this figure, while the published stream members have been plotted as open squares. Stars that share a commonality with both
search methods are therefore represented by a circle inside an individual box. The H99 stream stars in green represent all the stars
recorded to exist out to a range of 1.5 kpc, which is as far as our search method was able to follow H99, and for the KGS streams we
show all the stars in those streams out to a range of 1 kpc, the maximum range provided by Koppelman et al. (2018).
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magnitude diagrams for the stream members. Our colour-
magnitude diagrams were made using the G, GBP and GRP
magnitudes available from Gaia. All stream stars showed ap-
propriate Gaia data quality, satisfying phot-bp-rp-excess-
factor < 1.3+ 0.06(GBP −GRP)2 (Gaia Collaboration et al.
2018b), bar one star in the H99 stream, which had an phot-
bp-rp-excess-factor = 2.3334208 and has been removed.
We corrected for reddening and extinction using the pub-
licly available extinction map from the Infrared Science
Archive (IRSA) which uses reddening estimates provided
by Schlegel et al. (1998), and converted the apparent mag-
nitudes to absolute magnitudes using the Gaia parallaxes
(Gaia Collaboration et al. 2018b). In the colour-magnitude
diagrams, we compare our stream candidates with Gaia-
Enceladus, which is a major factor in Galactic assembly,
and only recently discovered. Each colour-magnitude dia-
gram has Dartmouth isochrones (Dotter et al. 2008) over-
plotted for the two age-metallicity combinations that Helmi
et al. (2018) use to bound Gaia-Enceladus, with metallic-
ities of [M/H] = −1.3,−0.9 at ages of 13 and 10 Gyr. We
also include an isochrone for the thick disk, with the age
(11 Gyr) and metallicity ([M/H] = −0.5) provided by Gaia
Collaboration et al. (2018b), to provide another comparison
point between the stream stars and a typical Milky Way
population.
The orbit plots for each stream show each stream mem-
ber’s orbit, as calculated with gala (Price-Whelan 2017),
for 1 Gyr, and the current positions of the stars are shown
in yellow. We begin with the plot of the H99 stream orbit
for our 64 member stars. H99 appears to have lost all of
its spatial coherence as its stellar population is predicted to
traverse a significant portion of the Galaxy. This stream is
considered to belong to a dwarf galaxy progenitor with an
approximate mass of ∼ M8, and is projected to contribute to
∼ 10− 14% of the total stars in the Galactic halo in multiple
stream-like structures (Koppelman et al. 2019). Such multi-
ple structures are likely the cause of the spatial dispersion
in the orbits, as each stream-fragment may be on a slightly
different path leading to a tangle of orbital paths that span
a large portion of the sky. The colour-magnitude diagrams
suggest that the main body of stars are old and metal-poor,
and these stars follow an isochrone track similar to the Gaia-
Enceladus isochrones. While an isochrone track is present,
there is some scatter in this plot; it is, therefore, likely that
some contamination is present in these streams. Follow-up
analysis is needed to understand whether the luminous blue
stars are related to the stream.
KGS-1 is predicted to have a significant vertical com-
ponent to its orbit, with the extreme members of the stream
predicted to reach almost 20 kpc both above and below the
Galactic plane while tracking a well defined elliptical path
in the X vs Y plane. The stars in this stream are also old
and metal-poor - notably, there are a few clumps of stars
along the green Gaia-Enceladus track, one at the turnoff
point, and another along the red giant branch. However,
there are luminous blue stars in KGS-1, as we saw in the H99
stream, and also stars that are consistent with the thick disk
isochrone, indicating contamination in this set of candidate
stream members.
The KGS-2 stream is also distinct from the other stream
populations. The stars on the orbits in this stream are pre-
dicted to pass close to the Galactic centre before flying out
into the outer halo regions of our galaxy. The majority of
KGS-2 stars fall near the most metal-poor isochrone, and
there is little contamination.
Moving on to the Borsato-Gaia-Streams, we note all
these streams have highly radial orbits due to their low LZ
values. BGS-1 and 2 are also predicted to spend a signifi-
cant amount of time orbiting through the thick disk of the
galaxy. The orbital characteristics of these two streams are
very similar, except that they are aligned perpendicularly
in the x vs y plane. When analysing the colour-magnitude
plots, BGS-1 appears to have a significant amount of con-
tamination present; however, it appears to have a coherent
set of stars located along the 10 Gyr isochrone track, and
BGS-2 does too. BGS-3 has a considerably larger vertical
component in its predicted orbit, while both BGS-3 and 4
have smaller orbital radii than BGS-1 and 2. When we con-
sider the colour-magnitude plots, BGS-3 appears to fit the
Gaia-Enceladus isochrones, while BGS-4 has too few stars to
draw a definitive conclusion. Predictions state that galaxies
will fragment when absorbed into their host galaxy (Koppel-
man et al. 2019), and we interpret the Borsato-Gaia-Streams
as likely fragments of Gaia-Enceladus, since they share sim-
ilar integrals of motion (Helmi et al. 2018) and appear to
follow compatible isochrones reasonably well.
5 DISCUSSION
We have successfully demonstrated that searching for clus-
ters of stars in integral of motion space using data-mining
techniques is a viable way to search for streams. Our
method has a well-defined approach in locating and clas-
sifying streams, making the results easily reproducible. We
now discuss the significance of these detections, as well as
the issues and improvements we could apply in order to en-
hance our results.
Of primary significance is the fact that our results not
only have verified the existence of previously discovered
streams but also have provided evidence that they extend
past their ranges specified initially. The extension of the
search distance out past the solar neighbourhood has to lead
us to understand that the H99 and KGS streams likely span
a large portion of the Galaxy, which is in alignment with
expectations (Koppelman et al. 2019).
The discovery of the BGS streams is a further achieve-
ment for our search method. These streams are clustered
much more discretely than the H99 and KGS streams and
are not visually evident in some of the figures. The integrals
of motion for these streams lie quite close to the boundary of
Gaia-Enceladus (Helmi et al. 2018), the remnant of a mas-
sive galactic progenitor that collided with the Milky Way,
and are likely fragments of this galaxy. If it were not for DB-
SCAN, it would not be incredibly challenging to find these
streams. This identifies the need for a method that can form
clusters in multi-dimensional space. However, it appears that
contamination of stars outside the stream population is an
issue, which becomes apparent from the colour-magnitude
diagrams, as a fraction of the kinematically similar stars do
not fall on the same isochrone path. Additionally, the fact
that some stars fit the thick-disk isochrone implies that we
have included some thick-disk stars which only coinciden-
tally overlap in integral of motion space. It could be useful
MNRAS 000, 1–11 (2019)
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Figure 5. The orbital plots of the H99, KGS-1, and KGS-2 streams. The first column of plots are r vs z orbits of the stream stars,
the second column are the x vs y orbits of the stars, and the third column is the colour-magnitude diagram of each stream overlaid
with Dartmouth isochrones (Dotter et al. 2008). The yellow stars in these plots represent the current positions of the stars as reported
in the Gaia catalogue. The red and green isochrones are the isochrones used by Helmi et al. (2018) to bound Gaia-Enceladus with
[M/H] = −1.3&−0.9 at ages of 13 Gyr and 10 Gyr respectively. The blue isochrone is the estimated isochrone for thick-disk stars selected
via a kinematic selection cut-off of VT > 200 km s −1 provided by Gaia Collaboration et al. (2018b).
in the future to revise our method to better filter the stream
candidates.
The orbital plots of these streams depict populations
with a high degree of dispersion throughout the Galaxy.
While the orbit paths for these stars do overlap in some
instances, it is highly unlikely their existence would be de-
tected if it were not for locating the streams using the stars’
integrals of motion. The main-sequence turn off for the ma-
jority of these streams occurs around the Mg = 4, which sug-
gests that these stars are old and metal-poor. As the orbits of
our stream stars tend to be rather eccentric, we can discount
the proposal that they have formed in the Milky Way, lead-
ing to the conclusion that they are extra-galactic remnants.
It is highly likely that the BGS streams are fragments of
Gaia-Enceladus, as their low angular momentum values are
a trait shared with that progenitor. Furthermore, the rea-
sonably consistent isochrone match of the BGS-1 and BGS-
2 streams provides additional evidence that these streams
originated from that dwarf galaxy. This result potentially
means we have found evidence of multiple galactic fragments
which have come from the same progenitor, something that
is expected to occur for most galactic streams Koppelman
et al. (2019). Therefore, while integrals of motion may be
a useful tool in finding streams, multiple streams can still
have the same origin, which should be a point to consider
when searching for them.
While our stream search technique has produced no-
table positive results, it could be improved. Our method
MNRAS 000, 1–11 (2019)
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Figure 6. The orbital plots of the BGS-1, BGS-2, BGS-3, and BGS-4 streams. The first column of plots are R vs z orbits of the stream
stars, the second column are the x vs y orbits of the stars, and the third column is the colour-magnitude diagram of each star, with the
same isochrones plotted as before, and the yellow stars representing the recorded positions of these stream stars.
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of stream detection consistently produces results that differ
slightly compared to the literature. DBSCAN failed to find
two streams found in Koppelman et al. (2018) as well as
failing to include all the stars in the streams that it did find.
It is likely a systematic difference our the search procedure
that is driving these differences in the results. The difference
may not necessarily be a negative, as our search method is
able to find clusters in the centre of the integrals of mo-
tion distribution where the stellar density is much higher.
However, there are caveats to using DBSCAN. Choosing a
MinPts value of four and relying on a 4-distance plot to select
an  value works well only if clustering size remains consis-
tent throughout the dataset, which generally is not the case
for streams. Ideally, a data mining method that can vary its
clustering range and produce clusters of multiple sizes would
be optimal. Implementing such a method would most likely
address the problems associated with why we missed the
stars with higher energy values in the H99 stream in Figure
3. In addition to this, it is apparent that searching for clus-
ters in integrals of motion is not immune to contamination
of stars that are not part of the stream. More analysis is re-
quired when finding potential stream candidates in this way
in order to determine whether the stars found do form a pop-
ulation of stars with the same origin. Caveats aside, while
the algorithm may lack the required complexity to resolve
all streams, and has a tendency to introduce contaminants,
it is robust enough to produce consistent clustering in the
data.
Therefore, the results of this study have shown that it
is possible to locate stream candidates using the DBSCAN
data miner to search for clusters in the measured integrals
of motion of a star. While there are issues associated with
the data miner, it is useful in locating clustering in integrals
of motion which warrant legitimate detection of streams.
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